A random regression model with both random and fixed regressions fitted by Legendre polynomials of order 4 was compared with 3 alternative models fitting linear splines with 4, 5, or 6 knots. The effects common for all models were a herd-test-date effect, fixed regressions on days in milk (DIM) nested within region-ageseason of calving class, and random regressions for additive genetic and permanent environmental effects. Data were test-day milk, fat and protein yields, and SCS recorded from 5 to 365 DIM during the first 3 lactations of Canadian Holstein cows. A random sample of 50 herds consisting of 96,756 test-day records was generated to estimate variance components within a Bayesian framework via Gibbs sampling. Two sets of genetic evaluations were subsequently carried out to investigate performance of the 4 models. Models were compared by graphical inspection of variance functions, goodness of fit, error of prediction of breeding values, and stability of estimated breeding values. Models with splines gave lower estimates of variances at extremes of lactations than the model with Legendre polynomials. Differences among models in goodness of fit measured by percentages of squared bias, correlations between predicted and observed records, and residual variances were small. The deviance information criterion favored the spline model with 6 knots. Smaller error of prediction and higher stability of estimated breeding values were achieved by using spline models with 5 and 6 knots compared with the model with Legendre polynomials. In general, the spline model with 6 knots had the best overall performance based upon the considered model comparison criteria.
IntrODuCtIOn
Random regression model (RRM) methodology is commonly used for routine genetic evaluation of production traits in dairy cattle (Interbull, 2007) . The basic idea of RRM consists of fitting average lactation curves for a subpopulation and animal specific curves describing deviations from the average curves. Several functions can be used to fit fixed and random regressions. Early applications made use of parametric functions and lactational shape functions such as the Ali and Schaeffer (1987) and Wilmink (1987) functions. However, those functions were subsequently replaced by orthogonal Legendre polynomials (LP) because the former models were unable to properly model the peak of the lactation curve and tended to converge slowly because of high correlations among coefficients (Schaeffer, 2004) . Models with LP as regressions are orthogonal and, therefore, have better convergence properties than models with parametric or lactational shape functions (Pool et al., 2000) . However, to fit the shape of lactation appropriately, higher order polynomials are required. In this case, implausibly high additive genetic variances at the extremes of lactation and negative correlations between the most distant test-days can be obtained (Jamrozik et al., 2001; López-Romero et al., 2004) . The overestimation of variances at the extremes of the lactation is often explained by Legendre polynomials' lack of asymptotes; poor performance of fitting data at the extremes of lactations (López-Romero et al., 2004) ; or not accounting for between-herd variation in the shape of the lactation (Gengler and Wiggans, 2001; Jamrozik et al., 2001; de Roos et al., 2004) . Recently, splines have been advocated as a good alternative to LP for analyzing test-day yields in RRM (White et al., 1999; Druet et al., 2003; Silvestre et al., 2005) , mainly because of their limited sensitivity to the data (individual records influence only a specific part of the function) and higher flexibility of fitting lactation curves (Misztal, 2006) .
Splines are piecewise functions consisting of independent segments that are connected in so-called knots (de Boor, 1978) . The segments are described by lower order polynomials. The simplest case of a spline function is a linear spline, where the segments are fitted by linear polynomials. Coefficients of linear splines are simple interpolation coefficients between the 2 knots adjacent to the record and 0 between all other knots. Because at most 2 coefficients are nonzero for a given record, the system of equations with splines is sparser than with LP (Misztal, 2006) . White et al. (1999) presented an application of cubic splines for analysis of test-day (TD) records of milk production. These functions consist of 2 terms: a) linear interpolation common for all segments and b) second derivatives at internal knots defining the deviation from the overall slope in each interval. However, while the first 2 coefficients (intercept and slope) are allowed to have different variances and are assumed to be correlated, the derivatives are assumed to have the same variances and to be independently distributed. This, in contrast to linear splines, leads to a highly structured covariance matrix. A review of the theory of spline functions and descriptions of different families of splines is given by Meyer (2005) .
The Canadian test-day model (CTDM) is a 12-trait random regression model in which TD milk, fat and protein yields, and SCS from the first 3 lactations are analyzed (Schaeffer et al., 2000) . Random regressions (additive genetic and permanent environmental) are based on LP of order 4. Only TD records from 5 through 305 DIM are considered in the model. Because less than 40% of Canadian Holstein cows end their lactation before 305 DIM, it is of interest to include into the CTDM the additional TD records recorded after 305 DIM. Higher accuracy of the overall 305-d EBV is expected from such evaluation because of utilization of more information. However, it can also lead to an increase in biasedness of the evaluation because the additional records are more likely to be influenced by the effect of cow's pregnancy, which is currently not considered in the CTDM.
The objectives of this study were 1) to estimate variance components; 2) to test genetic evaluations from RRM based on LP versus RRM based on linear splines with 4, 5, and 6 knots in terms of a wide range of model comparison criteria; and 3) to identify the best model for a routine genetic evaluation of TD milk, fat, protein yield, and SCS records from 5 through 365 DIM from the first 3 lactation records. 
materIaLS anD metHODS

Data
Variance components were estimated using a data set created by random sampling of 50 herds with at least 50 lactating cows in one year from the Canadian Holstein database, provided by Canadian Dairy Network. The data consisted of 96,756 TD milk, fat and protein yields, and SCS records of 6,094 cows from their first 3 lactations initiated from 1988 through 2006. Only TD records with all 4 traits present on a TD from 5 through 365 DIM were included. All cows were required to have a first lactation record. The pedigree file contained 18,178 animals ( Table 1) .
To evaluate a model's predictive ability and stability of EBV, 2 additional data sets were considered (Table  1) . Data set D01 contained all TD records available until August 2001, and data set D06 contained all TD records available until August 2006.
Models
The data were analyzed with 4 multiple-trait, multiple-lactation RRM. The general formula common for all models was (Schaeffer et al., 2000) :
where y ijklmo was the oth test-day record of the mth cow for a trait i (TD milk, fat, protein yield, or SCS) in lactation j, HTD ijk was the kth herd-test-date effect for a trait i and lactation j, α ijln was the nth fixed regression coefficient for a trait i and lactation j specific to the lth region-age-season class, q is the number of covariates, β ijmn was the nth random regression coefficient for the additive genetic effect of cow m separate for trait i and lactation j, γ ijmn is the nth random regression coefficient for the permanent environmental effect of cow m for trait i and lactation j, z(t) was a vector of covariates of size q describing the shape of lactation curve of fixed and random regressions evaluated at t DIM, and e is the residual. Twelve classes of residual variance with 30-d classes were defined for each lactation. The fixed and random regressions were fitted either with LP of order 4 (LEG) or with linear splines with 4 (SPL4), 5 (SPL5), or 6 (SPL6) knots. In the SPL4 model, the 4 knots were located at 5, 125, 245, and 365 DIM ( Table 2 ). The knots were equally spaced (120 DIM) across lactation. The SPL5 model was created by adding one knot at 65 DIM, which created 2 shorter (60 DIM) intervals at the beginning of lactation and gave the spline function flexibility to better fit the peak of the lactation. The SPL6 model had compared with the SPL5 model one additional knot at 305 DIM. The SPL6 model was the most and the SPL4 the least complex model; both the LEG and SPL5 model had the same number of parameters.
Linear splines were constructed by fitting a first degree polynomial between each pair of knots. Coefficients of linear splines were calculated as interpolation coefficients between the 2 knots adjacent to the record and 0 among all other knots. Let T be a vector of knots, then covariables of linear splines for DIM t located between knots T i and T i+1 were calculated as nonzero elements, and sum of all elements of the vector was equal to 1.
For instance, for a record at t = 30, using a model with 4 knots located at t = {5, 65, 245, 365}, the vector of covariables was In matrix notation each model can be described as y Xb Zu Wp e = + + + ,
where y was a vector of observations; b was a vector of HTD and regression coefficients for region-age-season class; and u, p, and e were vectors of additive genetic, permanent environmental, and residual values, respectively. X, Z, W were incidence matrices.
The data were assumed to follow where R was a block diagonal matrix with blocks of size 4 × 4 specific to a particular DIM interval and lactation. Residuals were assumed to have the same variance within residual intervals and heterogeneous variance between intervals, and residuals for different DIM were assumed to be uncorrelated. Matrices G and P were the random regression covariance matrices for the genetic and permanent environmental effects, respectively. The size of both matrices was (q × 3 × 4) by (q × 3 × 4), where q is the size of the vector of random regression coefficients, 3 is the number of lactations, and 4 is the number of traits. The matrix A was the additive genetic relationship matrix, and I was an identity matrix. A Bayesian approach via Gibbs sampling was applied to estimate model parameters. A single long chain of 100,000 samples was generated for each model. The first 20,000 samples were discarded as a burn-in, and the remaining samples were used to compute posterior means of model parameters. Convergence of Gibbs chains was monitored by visual inspections of plots of samples. The prior distributions of parameters of the model were 
, Σ Σ where Σ g and Σ p were genetic and permanent environmental covariance matrices, respectively; MVN denoted the multivariate normal distribution, and IW denoted the inverse Wishart distribution with ν degrees of belief and the scaling factor S. Values adopted for the scaling factors ( S g 2 and S p 2 ) were obtained by combining results from previous studies that considered TD with DIM ≤305 and assumptions made on variances past 305 DIM. Conservative degrees of belief were chosen to represent the vague prior information. Two genetic evaluations were carried out for each of the 4 models that were compared by using variance components previously estimated from the variance component data. The first evaluation (EVAL01) was based on D01 and the second (EVAL06) used D06 data. Mixed model equations were solved by iteration on data with a preconditioned conjugate gradient algorithm using a block diagonal preconditioner (Lidauer et al., 1999). The convergence criterion was defined as the average relative difference between left and right hand sides of mixed model equations and was required to be <9.9 × 10 −13 .
Model Comparison
The overall goodness of fit of all models was investigated by computing percentage of squared bias (PSB), as introduced by Ali and Schaeffer (1987) , the correlation (RHO) of observed records in D06 with predicted records by EVAL06, and the residual variance (RV) using D06 data.
The PSB for the jth trait and nth lactation was defined as where y jnr was the rth observed record of jth trait and nth lactation, ŷ jnr was the rth predicted record of jth trait and nth lactation and o was the number of records. Values of the PSB, the RHO, and the RV of competing models were contrasted against values of the LEG model. However, none of these criteria takes into account the complexity of the model. The deviance information criterion (DIC) introduced by Spiegelhalter et al. (2002) is widely used statistic for comparing models in a Bayesian framework. It combines both goodness of fit and degree of parameterization of the model and can be calculated easily from the samples generated by a Markov Chain Monte Carlo (MCMC) simulation. The DIC was defined by Spiegelhalter et al. (2002) as
where D( ) θ θ was the posterior expectation of the Bayesian deviance { ( ) Similarly as in ERP, ebv06 were shifted by subtracting the average change in EBV from EVAL01 to EVAL06.
reSuLtS anD DISCuSSIOn
Trends of daily additive genetic variances of milk and SCS are shown in Figures 1 and 2 , respectively. Additive genetic variance functions from LEG followed the typical U shape with high variances at the beginning and at the end of lactation compared with the middle of lactation. Additive genetic variance functions of SPL had a parabolic shape between knots. The overall shape of the spline variance function was influenced by number of knots and correlations between random regression coefficients at knots. Functions were smoother in intervals with higher correlations between knots. The parabolic shape of the variance function does not have a biological background and is an artifact specific to linear splines. However, because test-day records are evenly distributed across lactation, the overestimation and underestimation of variances will be cancelled across lactation and, therefore, should not have a significant effect on genetic evaluation. The overall shapes of the variance functions were similar among models for milk, fat, and protein yield. However, LEG had noticeably higher variances at the extremes of lactation than SPL. Variances of LEG for SCS were higher than 
1 LEG = model with Legendre polynomials; SPL4-6 = model with linear splines with 4 to 6 knots. 
variances of SPL along the entire lactation. The implausible high variances at the extremes of lactations were reduced by SPL but were not completely removed. This finding suggests that the edge effect is not only caused by the type of function used for regressions but could also be caused by smaller number of TD records at the periphery of the lactation and factors not accounted for in the model such as preferential treatment, between herd variation in the shape of the lactation curve (Gengler and Wiggans, 2001; Jamrozik et al., 2001; de Roos et al., 2004) , and the effect of pregnancy.
Residual variance increased with lactation number and was highest at the beginning of lactation and gradually decreased with later DIM (Figures 3 and  4) . None of the models provided the lowest or highest overall residual for all traits and lactations. Nevertheless, LEG and SPL6 had the lowest residual variance from all models at the end of lactation for all traits and lactations.
Comparison of models based on DIC favored SPL6, which was the most complex model (Table 3 ). The DIC of the SPL6 model was 7% lower than the DIC of the second-ranking model, model LEG. This indicates that the SPL6 model is not overparameterized relative to LEG. The LEG ranked second but had by just 1% lower DIC than SPL5. The SPL4 ranked last and had 7% higher DIC than the LEG model.
As shown in Table 4 , the highest average daily heritabilities for milk (0.45), fat (0.36), and protein (0.42) yields were observed in first lactation with SPL6 and in the second and third lactations with LEG. The LEG model had the largest heritabilities for SCS from all models in all 3 lactations (0.21, 0.25, and 0.33). However, the differences among models were relatively small. Posterior standard deviations of average daily heritability ranged between 0.001 and 0.013.
Comparison of goodness of fit of models based on the RV identified SPL4 as the worst model in all traits and lactations (Table 5) . This model had higher RV than LEG for milk in first (15%), second (13%), and third (17%) lactation. On the other hand, SPL6 was the best model in terms of RV. Both SPL6 and SPL5 had smaller RV than LEG in all traits and lactations.
A trend of RV across lactation where each point represents an average RV of a 30-d interval is seen in Figure 5 . In all models, the highest RV was observed in the interval of 36 to 65 DIM and the lowest in the interval of 336 to 365 DIM. The SPL6 model had of all the compared models the lowest RV across the whole lactation. The LEG had a relatively constant RV across all intervals. The SPL4 model had the highest RV from all models between 5 and 185 DIM. At the end of lactation (186 to 365 DIM), the SPL5 had the highest RV from all models. Figure 6 shows an example of a lactation curve of one region-age-season class. All models with splines predicted the highest milk yield at the very beginning of the lactation and therefore did not create the typical shape of lactation curve with a peak around 35 to 45 DIM as the LEG model. This indicates that the location of the second knot (65 DIM) is not optimal for fitting the peak of the lactation of the fixed regression and instead should be located at earlier DIM. The shape of the lactation after the peak is almost linear, and therefore both SPL and LEG provide similar trend. The decline of milk yield after the peak has a nearly constant shape, suggesting that a spline function with just 2 knots after the peak would be sufficient. This fact cannot be generalized to random regressions because random regressions fit not only mean but also variances and variance functions have more osculation than average lactation curve.
Differences among models in the PSB and the RHO were much smaller than in the RV but also indicated SPL6 as the best and SPL4 as the worst model (Table  5) . The values of the PSB, the RHO, and the RV for SCS were similar between SPL5 and SPL6.
As given in Table 6 , differences among models in ERP were not significant in first lactation for milk, fat, and protein. In the second and third lactation, all SPL were better than LEG, and SPL6 had smallest ERP. The SPL4 model, a model with lowest number of parameters, had surprisingly smaller ERP than LEG and also SPL5. For SCS, ERP values of SPL were smaller compared with LEG not only in the second and third but also in the first lactation. The lowest ERP for SCS were found with SPL6, being 6, 6, and 10% smaller than with LEG in first, second, and third lactation, respectively.
Decline in bulls' EBV after their first official genetic evaluation is currently one of the major concerns of the Canadian dairy industry. As given in Table 7 , smaller average decline in 305-d EBV from EVAL01 to EVAL06 of newly proven bulls in EVAL01 were obtained with the SPL5 and SPL6 model compared with LEG model. This fact was especially apparent in the second and third lactations, where the decline was 44% (fat at third lactation from SPL6) to 99% smaller than in LEG. On the other hand, significantly higher drops in EBV between the 2 genetic evaluations were observed with SPL4 compared with LEG.
The SPL6 model was the most complex model, and as expected, converged in the longest time (17 d). The EVAL06 with this model was 5 and 7 d slower than EVAL06 with LEG and SPL5, respectively. In a routine genetic evaluation 1) solutions from previous evaluations are used as starting values (this study used zeros as starting values), and 2) less strict convergence criteria are applied. This means that in practice, the time differences between the compared models may be less than was found in the present study. The LEG model converged in the shortest total CPU time. Convergence rate of this model was better than the convergence rate of SPL4, which had fewer parameters than LEG. The slower convergence rate of SPL than of LEG was probably caused by higher correlations among knots compared with correlations among coefficients of Legendre polynomials.
This study showed that spline functions with 6 knots are superior to LP of order 4 for fitting TD records with DIM up to 365 d in terms of goodness of fit and stability of 305-d EBV. Models with spline functions and knots located at different DIM than the functions used in this study could provide a better fit, but large changes in overall model performance are not expected with data where test-day records are evenly distributed across lactation because the differences will cancel out on average. Additional research is needed to identify optimal numbers and placement of knots for both fixed and random regression. Fixed regression with denser knots at the beginning and sparser knots in the middle and end of lactation could provide smoother curves than in this study.
Cubic splines or linear splines with a smoothing parameter can create smoother curves than linear splines only (de Boor, 1978) . However, these functions were not tested against currently used LP because their covariance matrix is highly structured and implementation of such functions into the CTDM would not be straightforward.
Use of different functions for additive genetic and permanent environmental effects (spline functions for one random component, Legendre polynomials for the other component, or splines for both components but with different knots) were not investigated. López-Romero et al. (2004) suggested that only functions of the same order of fit should be considered to provide equal opportunity of variation for both components. Models with LP of higher order than 4 were not considered. In a preliminary study (unpublished), such models showed extremely high additive genetic variances in early and late lactation and large oscillatory patterns in the middle of lactation. This was in agreement with results by López-Romero et al. (2004) .
COnCLuSIOnS
The SPL6 model had the best goodness of fit, measured by PSB, RHO, and RV, among the 4 compared models. No significant differences were found in ERP for milk, fat, and protein among models in first lactation, but noticeably smaller ERP were obtained with SPL compared with LEG in second and third lactation. In the case of SCS, SPL performed better in terms of ERP in all 3 lactations. The most stable EBV were obtained with SPL6. The DIC criterion also identified the SPL6 model as the most plausible model. Additive genetic variances at the extremes of lactations were smaller with SPL compared with LEG. The SPL5 and SPL6 were better models than LEG, especially for SCS. In general, SPL6 had the best overall performance among all compared models. Based on results from this study, the best model for genetic evaluation of TD records with ≤ 365 DIM is the RRM using linear splines with 6 knots. 
